Running title: Forecasting range change for a rare species
INTRODUCTION 30
Species of highest conservation concern typically have restricted ranges due to a synergy of 
Species distribution modelling 132

Summary of modelling 133
In the following sections we first explain the prediction of habitat suitability for grassland plant 134 species using climate and landscape variables across south-eastern Australia. We then outline the 135 prediction of habitat suitability for the PBTL using two approaches: (1) using grassland plant 136 predictions where we assumed that the plants indicate suitable habitat for lizards, that they are 137 occupying most of their potential range, and that their predicted distributions are in equilibrium 138 with climate, and (2) using direct climate variables. 139
Predicting habitat suitability for grassland plant species 140
Aggregated boosted regression trees (ABT; De'ath, 2007 ) were used to model the presence/absence 141 of each plant species and so determine the habitat suitability of each species from climate and 142 landscape predictors. ABTs comprise a collection of boosted trees (Friedman et al., 2000) where 143 each boosted tree is fitted on a cross-validation subset of the data (De'ath, 2007) . This approach 144 builds internal model validation into the estimation and provides confidence intervals for the partial 145 effects of explanatory variables. Boosted tree models were selected for this study as they have been 146
shown to perform well when there are nonlinear relationships and interactions among predictor 147 variables (Hijmans & Graham, 2006) . The number of boosted trees was determined by 5-fold 148 cross-validation, and learning rates between 0.01 and 0.001 and a bag fraction of 0.5 were used 149 (De'ath, 2007) . 150
For each plant species, three climate variables, mean annual rainfall, and winter minimumand summer maximum temperature, slope (calculated at 250 m 2 resolution), and a binary indicator 152 of suitable substrate were used as predictors (see Supplementary material) in models of habitat 153 suitability (at 1 km 2 resolution). The candidate model set also included "climate x substrate", 154
"climate x slope" and "climate only" models. These ABT models included first-order interactions, 155 and we assessed relative evidence for interactions by also fitting additive main-effects-only forms 156 of each of the above models, as well as all single-term models. Models were ranked by 5-fold cross-157 validated prediction error (i.e. aggregated prediction errors from 20% hold-out samples) and 158 sensitivity and specificity calculated under cross-validation (Fielding & Bell, 1997; Liu et al., 2005) . 159
We used the candidate model with highest support for each plant species to map predicted 160 habitat suitability across its range in south-eastern Australia. Taxonomic Instead, pseudo-absences were generated in 2000 grid cells occupying a background region (of 175 514,905 cells) into which the species may have dispersed (an approach specified in Elith et al., 176 2011 ). This dispersible region was determined by placing a 50 km radius around each currentknown population site (Fig. 1) . It included patches of native grassland habitat that have been
Projections of future PBTL habitat suitability 204
Climate change scenarios 205
We forecast annual (2000-2100) total rainfall, summer maximum temperature and winter minimum 206 temperature (the key climate model predictors described above) under two climate change scenarios: 207
(1) a no-climate-policy (non-stabilizing) "Reference" scenario, and (2) a corresponding "Policy" 208 scenario designed to stabilize CO 2 concentration at 450 ppm (Clarke et al., 2007; Wigley et al., 209 2009 ). Forecasts were generated at the 1 km resolution using MAGICC/SCENGEN 5.3 210 (http://www.cgd.ucar.edu/cas/wigley/magicc), a coupled gas-cycle/aerosol/climate model, and an 211 ensemble of seven best-performing general circulation models for Australia (Fordham et al., 2011a; 212 Fordham et al., 2012a). We calculated potential habitat suitability at annual time steps for: (1) the 213 two indicator grassland species using a bioclimatic envelope model, (2) the PBTL using the 214 plant-habitat model, whereby climate change influenced projected habitat suitability of the 215 grassland species, and (3) the PBTL using a bioclimatic envelope model, where climate was directly 216
modelled. 217
Projecting range change 218
Prior to estimating changes in the projected range area, we converted model-based predictions of 219 the habitat suitability for the PBTL into binary presence-absence (i.e. grid cells potentially occupied 220 versus not) by specifying a threshold that fixed sensitivity to 95% (i.e., 95% of presences correctly 221 classified; Pearson et al., 2004) . This method was used as it is less sensitive to outliers than the 222 "lowest presence threshold" method (Pearson et al., 2007) . The cost, however, is that some 223 observed presence locations are omitted from the predictions. 224
We used the cell-based method described by Buisson et al. (2010) between each time point and the current day baseline, which we defined as the core range. 234
RESULTS 235
Plant-habitat model of PBTL habitat suitability 236
Using the additive plant-habitat model, the habitat suitability for A. behriana and C. campanulata, 237 and slope were the most important predictors in the highest-ranked model for PBTL presence (Fig.  238   2a) . The presence of the PBTL was positively associated with A. behriana habitat suitability (Fig.  239 2b) and covaried nonlinearly with slope ( Fig. 2c) and C. campanulata habitat suitability (Fig. 2d) . 240
North and north-east facing slopes had higher PBTL suitability (Fig. 2e) , and areas with more 241 variable summer temperatures also had slightly higher PBTL suitability (Fig. 2f) . 242
Model evaluation metrics indicated that both additive and interaction plant-habitat models 243
were good fits to the data (correctly classified 88% and 92% of presences respectively; Table 1 ). 244
The out-of-sample cross-validated prediction error was also lower for models containing 245 interactions and the highest-ranked interactions model explained ~7% more cross-validated 246 deviance relative to the highest-ranked additive model (Table 1 ; see Supplementary material). The 247 highest-ranked interaction and additive models had equal sensitivity (correct classification of 248 presences) but the interactions model had higher specificity (i.e. correct classification of absences; 249 Table 1 ) and hence slightly higher AUC (though this metric was >0.94 for all models with more 250 than one predictor). 251
Bioclimatic envelope model of PBTL habitat suitability 252
Using the additive bioclimatic envelope model to predict the presence of the PBTL, winterminimum temperature and per cent slope were the most important predictors, with some statistical 254 support for mean annual rainfall and summer maximum temperature (Fig. 3a) . Sites with colder 255 winter minimum temperatures had higher PBTL suitability (Fig. 3b) , the effect of slope was similar 256 to the plant-habitat model (Fig. 3c) , there was no consistent trend with rainfall (Fig. 3d) , and there 257 was weak evidence within a somewhat noisy relationship that PBTL were more likely to be found 258 in areas with average summer maximum temperatures between 29-30°C (Fig. 3e) . 259
The additive and interaction bioclimatic envelope models provided good fits to the data 260 (correctly classified 89% and 93% respectively) and had lower cross-validated prediction errors 261 than the plant-habitat models ( Contractions in the area of occupancy over time were evident from both the additive plant-habitat 270 and bioclimatic envelope model projections into the future (Fig. 4a ). These were driven in part by 271 southward shifts of the southern edge of the core range for both models (Fig. 4c) and a southward 272 shift of the northern edge of the core range for the bioclimatic envelope model (Fig. 4e) , as well as 273 decreases in suitable habitat within the range. Contraction in area of occupancy for the plant-habitat 274 model was 20% by 2050 (independent of the emissions scenario) and 42% and 30% by 2100 under 275 the Reference and Policy scenarios, respectively (Fig. 4a) . The additive bioclimatic envelope model 276 produced larger and earlier contractions of projected area of occupancy; average contractions were 277 ~45% by 2050, reaching 65% and 50% by 2100 under the Reference and Policy scenarios,respectively (Fig. 4a) . 279 However, differences in the area and direction of range contractions between plant-habitat 280
and bioclimatic envelope models resulted in large differences in projected area of occupancy by 281 2100, particularly as revealed by the large southward shift in the northern range margin under 282 bioclimatic envelope models, which contrasted with the relatively stable northern margin from 283 plant-habitat model projections under both climate change scenarios (Fig. 4e) . Differences in the 284 projected area of occupancy between models in 2010 arose partly because both the sensitivity and 285 specificity of the plant-habitat model were slightly lower (Table 1) Table S2 ). These changes in area of occupancy were the result of: (1) 297 projections that all spatially-contiguous grid cells within the geographic extent of suitable climate 298 had high suitability and were therefore projected occupied, dramatically increasing the area of 299 occupancy, (2) a large southward step change in the southern margin of ~75 km between 2015 and 300 2020 ( climate change. We showed that although both the coupled plant-habitat models and bioclimatic 315 envelope models describe the current distribution of the PBTL almost equally well, estimates of the 316 future range of the lizard species were markedly more pessimistic, with greater predicted range 317 contraction, under bioclimatic envelope models compared to plant-habitat models. Further, the 318 inclusion of interaction terms in either model gave a better fit to the currently observed distribution 319 data than the additive model (based on out-of-sample cross-validation). However, bioclimatic 320 envelope models with interactions among the predictors projected substantial expansion in area of 321 occupancy and large step changes in range margins over time (as in Fig. 4 ). Obtaining these 322 expansions are unrealistic because they would require all locations with suitable climate conditions 323 within the range margins to have high suitability, and for the lizards to have rapid, long-range 324 dispersal capacity. 325
The more severe projections of range contraction in our PBTL case study are likely a 326 consequence of bioclimatic envelope models not capturing the full range of suitable environmental 327
conditions given the species current restricted range (Thuiller et al., 2004) . Our results show that 328 models that explicitly incorporate biotic relationships (here a reliance on native grasslands for 329 habitat) may be required to provide biologically realistic projections of future potential distributionsfor range-restricted species. For example, the species-response curves from bioclimatic envelope 331 models for the two grassland plant species identified optimal ranges for the environmental 332
covariates (e.g., unimodal optima for rainfall and step-changes in winter minimum and summer 333 maximum temperatures that represent temperature extremes that may limit the species distribution; 334 see supplementary material), whereas the response curves from bioclimatic envelope models for the 335 PBTL were not smooth and showed high variability across the narrow range of environmental 336 conditions observed at presence locations (Fig. 3) . This indicates that the bioclimatic envelope 337 model for the PBTL represents an incomplete description of the species response to environmental 338 conditions (i.e. does not capture the fundamental niche adequately). This result was not apparent 339 from evaluation of model performance metrics but required careful assessment of covariate 340 relationships and model projections. The plant-habitat model characterised environmental 341 constraints of the plant species, as well as the effects of slope, which helps discriminate areas not 342 used for agriculture (i.e. lower footslopes and hill flanks). It also included preferences for substrate 343 types (that are a proxy for soil types) optimal for spiders to dig the burrows that the lizards prefer. In 344 this model, the predicted habitat suitability of the plant species were restricted to areas with no, or 345 low, human impact. In turn, the plant-habitat model predictions explained the distribution of the 346 PBTL while partially taking into account human impacts. included under the Reference scenario (Fig. 4b) shows the potential consequences of using 381 projections based on a bioclimatic envelope model for a species with a highly restricted range that 382 additive boosted tree models. The habitat suitability in 2100 was projected under the "Reference" 657 climate change scenario (i.e. high CO 2 concentration stabilising scenario). Results were similar 658 under the "Policy" climate change scenario (heavy mitigation scenario, assuming substantive policy 659 intervention); although the extent of the southward shift in areas of higher suitability was reduced 660 (see Supplementary material Figure S8 ). 661 Projected area of occupancy and future range change summaries 
